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Abstract In recent years, companies have been changing their innovation strategies,
as they have realized that original new products can offer a major competitive advan-
tage. Therefore, many companies are focusing on a more closely managed product-
innovation process, and have consequently increased their use of performance-
management frameworks. By doing so, such companies hope to increase the ef-
fectiveness and efficiency of their new-product-development activities. Within the
performance-management framework, the use of innovation metrics plays an impor-
tant and beneficial role.
For this reason, the present paper investigates the relationship between the design
of innovation performance management frameworks and the actual utilization of in-
formation obtained from the implemented innovation metrics. We collected data from
133 technology-intensive companies and employed structural equation modeling for
empirical analysis. This method allowed us to determine which design factors pos-
itively affect the extent to which managers conceptually use innovation metrics. In
particular, we investigated how the balance, coherence, adaption, and user know-how
of innovation metrics relate to their conceptual use.
Our results suggest that balance and user know-how of the metrics improve con-
ceptual use of the performance measures, whereas no effect can be observed regard-
ing coherence and adaption of the metrics. Thus, it seems highly advisable for firms
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to implement a simple, comprehensible performance management framework, con-
sisting of financial and nonfinancial performance measures.
Keywords Performance measures · Innovation control · Performance management
systems · Conceptual use
1 Introduction
Innovative products play an important role in building competitive advantage and
can contribute significantly to companies’ growth and profitability. Nevertheless,
it is far from certain whether innovative ideas can transform into successfully
launched products that meet their set financial targets (Cooper et al. 2004). A sig-
nificant body of literature has therefore explored the relationship between the
various potential success factors in product innovation and the performance out-
comes (Balachandra and Friar 1997; Ernst 2002; Henard and Szymanski 2001;
Montoya-Weiss and Calantone 1994). Currently, it is commonly accepted that suc-
cessful product innovation depends heavily on such intangible elements as cre-
ativity and risk-taking behavior. However, the increased pace of innovation, short-
ened product life cycles, rapid advances in technology, and the globalization of
new product development projects increasingly pressurize research and develop-
ment to improve effectiveness and efficiency in new product development activi-
ties. Companies have therefore moved from a strategy of hope that—given the right
mix of brains, money, equipment, and time to pursue ideas—scientists and engi-
neers will eventually produce a profitable new product, to a more closely man-
aged product innovation process strategy (Kerssens-van Drongelen et al. 2000;
Wheelwright and Clark 1992).
Firms increasingly rely on formal management systems to manage new product
development activities (Davila et al. 2004), because new product development perfor-
mance can determine not only a firm’s overall success and competitive advantage, but
its very survival as well (Loch et al. 1996; Utterback 1994). Within the formal systems
used to manage product innovation, innovation metrics play an important role (Davila
2000; Driva et al. 2000; Frattini et al. 2006; Kerssens-van Drongelen et al. 2000;
Loch and Tapper 2002; Meyer et al. 1997). Yet it is widely recognized that in-
novation performance management is a complex task, since effort levels are diffi-
cult to observe, while success is highly uncertain, typically influenced by unman-
ageable factors, and can be assessed only after long delays (Frattini et al. 2006;
Schumann and Ransley 1995). Furthermore, innovation performance management
efforts can discourage high-level professionals’ creativity and motivation as a result
of the act of measuring (Brown and Svenson 1988). Firms are thus confronted with
the question, how should innovation metrics be designed to support their beneficial
use within the innovation process?
Consequently, the present study aims to broaden our understanding of the rela-
tionship between the design of innovation performance management frameworks and
the actual utilization of the information obtained from the implemented innovation
metrics. The term “information utilization” refers to the way managers employ in-
novation metrics for certain purposes within the product development context. Since
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the concept of information utilization is very broad, we will focus on the conceptual
use of information, i.e., the application of information to develop and enlarge the
managerial knowledge base. This method of using accounting information has been
found to be beneficial with regard to general accounting information (Pelz 1978;
Burchell et al. 1980), especially in the R&D context (Godener and Söderquist 2004;
Cooper and Edgett 2008). We collected data from 133 technology-intensive compa-
nies and employed structural equation modeling to empirically analyze which design
factors positively affect the extent to which managers use innovation metrics concep-
tually. In particular, we investigated how the balance, coherence, adaption, and user
know-how of innovation metrics relate to their conceptual use.
Our findings suggest that some of the performance measurement design factors
strongly influence the use of performance measures. The balance and user know-how
of metrics improve the conceptual use of performance measures significantly, while
no noteworthy effect can be observed regarding the coherence and adaption of met-
rics. Hence, innovation performance management frameworks need to be designed
in accordance with the intended purpose of the measurement results. Our findings
not only show the importance of the relationship between the design of innovation
metrics and their conceptual use, but also underline the value of empirically validat-
ing the design factors of formal performance management systems within product
innovation.
The remainder of the paper is organized as follows. In the next section, we examine
the relevance of innovation control and innovation performance management frame-
works. Furthermore, within the context of innovation, we discuss the information’s
usage form and exemplify a holistic framework for innovation control. Thereafter,
we develop a theoretical model of the relationship between the design factors and
conceptual use of metrics, and we present a set of hypotheses. After describing the
survey design, we explain the data analysis by means of structural equation model-
ing. In the final section, we discuss theoretical contributions, practical implications,
limitations, and insights for future research.
2 Innovation performance management
2.1 The relevance of innovation control
The term innovation signifies the “creative definition, development, and commercial-
ization of substantially new products, services or businesses” (Davila et al. 2004,
p. 28). A great many of articles underlines how important innovation is in providing
firms with a competitive advantage. Recent decades, however, have seen a substan-
tial change in the way innovations are managed and controlled within companies.
Roussel et al. described the previous approach to innovation management as follows:
“R&D is an overhead cost, a line item in the general manager’s budget. General man-
agement participates little in defining programs or projects; funds are allocated to
cost centers; cost control is at aggregate levels. There is minimum evaluation of the
R&D results other than by those involved in R&D. The R&D activity is relatively
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isolated and there is little communication from R&D other than to say: Everything
is going fine. There is only a modest sense of urgency: Things are ready when they
are ready” (Roussel et al. 1991, p. 26). Innovation activities were considered creative
but unstructured processes, and were “difficult, if not impossible, to manage and con-
trol” (Frattini et al. 2006, p. 426). Views on new product development have changed,
although the importance of intangible elements, such as creativity and risk-taking
behavior, is still widely acknowledged. Innovation activities are now understood as
a largely repetitive process that can be managed and controlled. Hence, innovation
management has moved from its previous hope-based strategy toward a more closely
managed process (Davila et al. 2004).
The increased pace of innovation, shortened product life cycles, rapid advances
in technology, and the ongoing globalization of new product development projects,
all of which increasingly pressurize R&D to improve the effectiveness and efficiency
of new product development activities, drive this development (Kerssens-van Dron-
gelen et al. 2000; Frattini et al. 2006; Cardinal 2001). Consequently, firms need to
manage and control their R&D function as intensely as they do their other functions
by increasingly using formal management systems (Davila et al. 2004). Innovation
metrics play an important role in such formal management systems, since they are a
commonly accepted means of increasing the effectiveness and efficiency of organiza-
tional actions (Bremser and Barsky 2004; Cooper and Edgett 2008; Driva et al. 2000;
Frattini et al. 2006; Kerssens-van Drongelen et al. 2000; Loch and Tapper 2002;
Meyer et al. 1997).
2.2 Innovation performance management frameworks
Though according to Adams et al. “measurement of innovation management appears
to be undertaken infrequently, in an ad hoc fashion, and relies on dated, unbalanced
or under-specified models of the innovation management phenomenon” (Adams et
al. 2006, p. 38), it is recommended that innovation metrics should be implemented
as part of a systematic innovation management framework (Davila et al. 2005;
Driva et al. 2000; Cooper and Edgett 2008; Kerssens-van Drongelen and Cook
1997; Möller et al. 2011a, 2011b). In recent years, companies have been devel-
oping more sophisticated performance management frameworks to provide rele-
vant information to decision makers. Such frameworks can be used to capture
and evaluate performance data and to identify key success factors within the in-
novation process. These frameworks can therefore be used to illustrate an orga-
nization’s essential means and ends (Bourne et al. 2000; Garengo et al. 2005;
Broadbent and Laughlin 2009).
Performance management frameworks can furthermore be used to link differ-
ent innovation metrics to measure the efficiency and effectiveness of R&D activi-
ties. Such an innovation performance management framework can order innovation
metrics hierarchically [e.g., the R&D return framework by Foster et al. (1985)],
on the basis of a balanced scorecard approach (e.g., Bremser and Barsky 2004;
Kerssens-van Drongelen and Cook 1997; Sandstrom and Toivanen 2002), or within
a process-based, input-process, output-outcome framework (e.g., Brown and Sven-
son 1988; Möller and Janssen 2009). Moreover, the literature presents various
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Fig. 1 Input-process-output-outcome framework (Brown and Svenson 1988, p. 12)
combinations of these frameworks (Chiesa et al. 2008; Codero 1990; Collins and
Smith 1999; Davila et al. 2005; Godener and Söderquist 2004; Lee and Son 1996;
Meyer et al. 1997; Muller et al. 2005; Ojanen and Vuola 2006; Pillai et al. 2002;
Schumann and Ransley 1995). In the present study, we will focus on the input-
process, output-outcome framework since, as noted by Kerssens-van Drongelen et al.,
it has been “widely used, though sometimes slightly adapted, in R&D management
research” (Kerssens-van Drongelen et al. 2000, p. 115). This framework, depicted in
Fig. 1, comprises the following four perspectives.
Input metrics measure the resources provided for R&D activities, for example,
personnel, funds, equipment, and ideas. The largest cost drivers in new-product de-
velopment are often the personnel and equipment costs. These factors can be mea-
sured by using a wide variety of absolute or relative, quantitative or qualitative met-
rics (Werner and Souder 1997; Loch et al. 1996). Intangible inputs, such as ideas,
information, and know-how, are also of great importance to R&D activities (Hauser
and Zettelmeyer 1997; Lee and Son 1996). However, some measurements of metrics,
such as quality and experience of staff, are rather complicated compared with mea-
suring the cost of immaterial inputs using metrics such as “expenditure on further
education.” Metrics that measure the financial side of R&D inputs are used widely
in firms (Driva et al. 2000), although input metrics alone are of limited significance
since an increase in input does not necessarily lead to an increase in output. Conse-
quently, what inputs are used for (effectiveness) and how (efficiency) they are used
within the innovation process are more important than their quantity. Relative metrics
that combine input measures with process, output, and outcome measures thus pro-
vide valuable insight into R&D activities, especially when used for benchmarking.
Moreover, an analysis of input metrics over time can help identify the trends and de-
velopments within R&D activities. Firms are therefore strongly advised to measure
their inputs.
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Process metrics measure the achievement of time, cost, and quality objectives as
well as the project progress (Griffin and Page 1993; Driva et al. 2000; Kerssens-van
Drongelen and Cook 1997). These metrics can be measured on the project level, on
more aggregated levels, such as product lines or business units, or in respect to all
R&D activities. The implementation of process measures helps identify deviations
from plans at an early stage in the innovation process, allowing for quick correc-
tive actions. Moreover, process metrics help develop more realistic assumptions and
plans for future projects since they reflect lessons learned from other projects (Werner
and Souder 1997). Project measures therefore keep experiences alive, improving the
achievement of objectives based on past lessons learned.
Output metrics measure the direct results of R&D activities, i.e., new products or
generated knowledge, and help identify trends and developments over time. These
metrics can be absolute, for example, number of patents, or relative, for example,
percentage of new products in the product program as a whole (Frattini et al. 2006).
With regard to input measures, output metrics, such as “number of new products per
dollar spent on R&D,” can deliver valuable insights for improving the efficiency of
the R&D process.
Outcome metrics measure innovation success in the market and thus focus on rev-
enue, profit, market share, and customer satisfaction. The measurement of outcome
metrics underlines innovations’ economic importance for firms (Cooper and Edgett
2008). Absolute outcome metrics would be, for instance, revenue growth or market
share growth due to new products. Here, the time in which a product is defined as
new depends on companies’ business models and can differ according to the indus-
try. Relative outcome metrics are often measured in relation to inputs, such as sales
per R&D employee or annual sales/R&D budget. The advantage of measuring out-
come metrics is that it provides insight into the economic effects of R&D activities.
However, depending on the time lag between development and market launch, it is
mostly too late for corrective action once the outcome can be measured. Furthermore,
an excessive focus on outcome measures can trigger myopia in the R&D department,
thereby jeopardizing long-term projects (Hauser and Zettelmeyer 1997). Moreover,
the financial success of innovative products not only depends on R&D activities, but
is also strongly influenced by production, marketing, and sales. Outcome metrics
nevertheless stress the importance of the economic effects of R&D activities and can
help companies focus on economically successful projects.
Although the literature offers a wide variety of innovation metrics, innovation-
performance management is considered a complex task: Effort levels are difficult
to observe, while success is highly uncertain, is typically influenced by unman-
ageable factors, and can only be assessed after long delays (Frattini et al. 2006;
Schumann and Ransley 1995). Furthermore, innovation performance management
can discourage high-level professionals’ creativity and motivation by the very act
of measuring (Brown and Svenson 1988). Hence, the literature needs to focus on
managers’ use of metrics in order to develop empirically validated recommendations
regarding how to successfully implement innovation performance management sys-
tems.
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2.3 Usage forms of information in the innovation context
A literature review of the different ways of using information reveals great diversity in
conceptualizing and classifying information utilization (Simon et al. 1954; Pelz 1978;
Burchell et al. 1980; Feldman and March 1981; Ansari and Euske 1987; Menon and
Varadarajan 1992; Hirst and Baxter 1993; Simons 1994; Vandenbosch 1999; Schäffer
and Steiners 2004). In the present study, we follow the classification by Pelz (1978),
who builds on work by Knorr (1977) and Rich (1977) to distinguish between an
instrumental, symbolic, and conceptual way of using information. This classification
has been successfully expanded to business administration and is often applied in this
field (Diamantopoulos and Souchon 1999; Menon and Varadarajan 1992; Moorman
1995; Souchon and Diamantopoulos 1996; Souchon et al. 2003; Toften and Olsen
2004).
Instrumental use refers to applying information directly to solve a certain prob-
lem, while symbolic use denotes a political way of using information to legitimize
decisions. Conceptual use indicates that information is applied to develop and en-
large the managerial knowledge base (Menon and Varadarajan 1992; Souchon et al.
2003). Hence, using innovation metrics conceptually relates to applying performance
measures for learning purposes, which is a crucial R&D performance measurement
goal (Kerssens-van Drongelen and Bilderbeek 1999; Godener and Söderquist 2004;
Chiesa and Frattini 2007; Chiesa et al. 2009): “Whereas less effective performance
measurement systems seem to be aimed at R&D resource allocation/budget deci-
sions, the most effective systems are more future oriented, supporting organizational
improvement processes and strategic adaption” (Kerssens-van Drongelen and Bilder-
beek 1999, p. 44). Godener and Söderquist (2004, p. 208) similarly argue that: “At
the function level, performance metrics can be used for improving the measurement
process itself, for improving the overall adherence to the research and new product
development (R&NPD) process and for improving the R&NPD process as a whole.”
Cooper and Edgett (2008, p. 54) describe the importance of using innovation met-
rics for learning purposes even more dramatically: “Without metrics in place, project
teams cannot be held accountable for results, while learning and continuous improve-
ment are next to impossible.”
We will, therefore, analyze the interplay between using innovation metrics con-
ceptually and the performance management system design. But before we describe
empirical testing of the relationships between design factors and conceptual use of
metrics, we first present a performance management framework for R&D activities.
2.4 Providing a framework for innovation control
By taking the theoretical requirements for the conceptual use of innovation metrics
into consideration, we have developed a performance management framework that
combines these requirements comprehensively and is application oriented (see Fig. 2,
Möller et al. 2011b). The framework can help to develop and design measurement
systems that need to fulfill the criteria of a more intensive conceptual use of innova-
tion metrics. Furthermore, using the framework will increase an awareness of such
systems’ important characteristics.
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Fig. 2 Multilayer performance management framework
This framework could assist managers in evaluating and designing innovation met-
rics as well as in deciding whether these metrics have potential value for the new
product development process. Furthermore, the framework could help managers ob-
tain a better understanding of the innovation metrics that are used by clarifying the
measurement system’s crucial characteristics. Managers’ know-how of the innovation
metrics can therefore be increased by using this systematic framework to develop a
measurement system.
The proposed framework consists of four different layers, which describe a per-
formance measurement system’s central features. The context layer considers inter-
nal and external factors that influence the organization and its processes. The sec-
ond layer comprises the capturing of tangible and intangible performance drivers
within the input, process, output, and outcome categories. The important require-
ments of innovation metrics should be considered at this point. By providing a com-
plete overview of the existing metrics, the proposed framework forms the basis for a
balanced and adapted metrics set. The third layer comprises the coupling of perfor-
mance drivers. Coherent coupling can be done by proposing causal, final, and logical
relationships between the different performance measures, by considering dependen-
cies, time lags, etc. The fourth layer uses the knowledge generated by the previous
layers to learn from previous actions, coordinate management actions, and regularly
adjust the design of the performance measurement system. Since feedback and feed-
forward loops are used, the performance drivers’ links have to be revised regularly by
stimulating organization-wide continuous learning, and they can be used for what-if
analysis and to test scenarios. By providing clear performance driver categories and,
thus, a better overview of performance measures, the framework makes it possible
for a well-balanced set of metrics to be designed. Managers can thus keep track of
the new product development process. The framework addresses such characteristics
as the balance, coherence, and adaption of performance measures, which can be the
key for the conceptual use of innovation metrics. To date, there has been no empiri-
cal test of these characteristics’ relevancy for innovation performance measurement
frameworks. Consequently, we test these characteristics and provide evidence for the
crucial characteristics.
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3 Empirical identification of design factors that influence the conceptual use
of performance measures
3.1 Theoretical framework
3.1.1 Research model
In this research, we focus on the interrelationship between accounting information
and its actual use by innovation managers. Hence, we draw from behavioral account-
ing theory, which, as noted by Bruns and DeCoster (1969, p. 3), “considers the impact
of the process of measuring and reporting on people and organizations,” in two ways.
First, we argue that managers use accounting information for different purposes. Of
these different ways of use, we focus on the conceptual use of innovation metrics.
Second, we argue that the extent to which innovation metrics are used conceptually
depends on the design of the innovation performance management framework, and
thus we focus on the balance and coherence of the performance management frame-
work. Furthermore, we analyze the effect that performance measures and the periodic
adaption of user know-how has on the conceptual use of performance measures. From
an analysis of the literature, we argue that each of these factors could affect the extent
to which innovation metrics could be used conceptually. Furthermore, since it seems
likely that all the factors are interrelated, they should not be analyzed in isolation. We
therefore employ structural equation modeling since factor analysis cannot analyze
the interdependent factors sufficiently (Hair et al. 2010). In the following sections,
we propose research hypotheses that will be tested later using structural equation
modeling.
3.1.2 Hypotheses
Balance While traditional performance measurement systems focus only on the
financial aspects of performance, modern multidimensional frameworks integrate
nonfinancial performance measures to give an early indication of future business
performance (Neely et al. 2007; Bourne et al. 2000). Nonfinancial measures play
an important role, especially within new product development as financial mea-
sures are usually inappropriate for decision making owing to the time-lag prob-
lem. By the time financial information on the market success of product inno-
vations becomes available, it is often too late for corrective action (Kerssens-van
Drongelen et al. 2000). Hence, an innovation performance management system
should consist of a balanced set of financial and nonfinancial performance mea-
sures to evaluate the success of innovation activities (future) (Driva et al. 2000;
Godener and Söderquist 2004). A well balanced set of performance measures there-
fore provides a better view of the relevant aspects in the innovation process and
enables the user to keep track of the progress of new product development activi-
ties. Furthermore, implementing a comprehensive set of performance measures helps
managers divide their attention between different organizational objectives (Ullrich
and Tuttle 2004), and it influences their cognition and motivation, which in turn influ-
ence their performance (Hall 2008). The following positive relationship is therefore
proposed:
H1: The balance of innovation metrics is positively related to their conceptual use.
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Coherence Coherence refers to the extent of the numerical or logical connections
between metrics; it allows for testing and mapping of the causality-based links of
performance-relevant factors within business activities (Eccles and Pyburn 1992;
Neely et al. 2007). In contrast to traditional stand-alone metrics, a coherent set
of performance measures should provide detailed insights into interrelations and
cause-effect relationships, especially within new product development activities.
Various studies therefore propagate the implementation of a coherent set of inno-
vation metrics (Cooper and Edgett 2008; Davila et al. 2005; Driva et al. 2000;
Kerssens-van Drongelen et al. 2000; Loch and Tapper 2002). Causality-based links
are very important, especially within new product development activities, since once
the product has been launched on the market, it is often too late for corrective action
(Kerssens-van Drongelen et al. 2000). Consequently, a coherent set of leading fi-
nancial performance measures should enhance the managerial knowledge base. Fur-
thermore, empirical studies show that performance management systems that pro-
vide insight into the causal relationship of business activities positively affect or-
ganizational learning and, ultimately, the company’s performance (Chenhall 2005;
Ittner 2008). We thus argue that innovation metrics should be coherent in order to
provide useful insight into the causal effects within new product development activi-
ties. Therefore, we propose the following relationship:
H2: The coherence of innovation metrics is positively related to their conceptual use.
Adaption To ensure that a set of metrics fulfills management’s information de-
mand, a performance measure review is necessary whenever the company’s strate-
gic or operative directions, or its competitive environment, change. Therefore, the
complete set of performance measures should be reviewed and revised periodically
(Bourne et al. 2000). This adaption process ensures that the performance manage-
ment system always fits the business activities and prevents performance measures
from reflecting former priorities (Burney and Widener 2007). Hence, the periodic
review of performance measures influences the usability of the information gen-
erated and is especially important in rapidly changing environments (Henri 2010;
Malina and Selto 2004), such as new product development. Furthermore, Henri ex-
plicitly states that performance measures may be more effective in supporting educa-
tion and learning throughout the organization if they are periodically revised (Henri
2010, p. 77). We therefore argue that adaption of metrics is an important determinant
of their conceptual use and hypothesize:
H3: The adaption of innovation metrics is positively related to their conceptual use.
User know-how This factor measures the extent to which the user understands the
calculation and meaning of the metrics. Though a company can control this factor
only indirectly, its importance in the context of the use of innovation metrics is obvi-
ous. It seems unlikely that managers with only a little understanding of the meaning of
innovation metrics could use them to enlarge their knowledge base; this phenomenon
is known as the measurement-use gap (Stivers et al. 1998). In the present study, we
will therefore analyze the effect of user know-how on the extent to which innovation
metrics are used conceptually, and we propose the following positive relationship:
Using performance measures conceptually in innovation control 117
H4: User know-how of innovation metrics is positively related to their conceptual
use.
3.1.3 Constructs
The conceptual use of innovation metrics describes applying performance mea-
sures for learning and continuous improvement, thus covering an important R&D
performance measurement goal (Kerssens-van Drongelen and Bilderbeek 1999;
Godener and Söderquist 2004; Chiesa and Frattini 2007; Chiesa et al. 2009). Go-
dener and Söderquist (2004, p. 208) describe a typical situation in which innova-
tion metrics were used conceptually. A company ascertained that its patents gen-
erated very little revenue in their first year and decided to investigate their patent
writing process. A metric was used to assess the patent revenues, which led to the
conclusion that the patents were often so poorly worded that the company’s com-
petitors could easily find loopholes to circumvent them. Subsequently, the com-
pany’s entire patent-writing process was modified. Hence, the conceptual use of
innovation metrics does not cause immediate decision making, but it serves to de-
velop and enlarge the managerial knowledge base (Menon and Varadarajan 1992;
Souchon et al. 2003). The measurement instrument builds on work by Moorman
(1995) has been tested and validated in several empirical studies (Schäffer 2007).
The Cronbach α of 0.86 obtained in this study indicates the items’ high internal con-
sistency in the measurement instrument.
The construct balance reflects measures managers’ assessment of the balance be-
tween the financial and nonfinancial performance measures used to manage and con-
trol new product development activities. This construct yielded a Cronbach α of
0.84, thus indicating the scale’s high internal reliability. Coherence measures man-
agers’ assessment of coherence in the metrics used to manage and control new prod-
uct development activities, and it yielded a Cronbach α of 0.80. Adaption mea-
sures managers’ assessment of the regular revision of the metrics used to man-
age and control new product development activities. The Cronbach α of 0.87 ob-
tained in this study indicates the high internal consistency of the items in the mea-
surement instrument (Sandt 2004). User know-how measures the extent to which
managers perceive themselves as capable of understanding and utilizing the met-
rics to manage and control new product development activities. The achieved Cron-
bach α of 0.90 also indicates a high internal reliability (Sandt 2004; Frank 2000;
Schäffer and Steiners 2004).
The wording of the construct items is provided in Table 1. To reduce response
error, the questionnaire was built on tested and validated measures from prior studies
(Schäffer 2007; Dillman 2007; Van der Stede et al. 2005). All measures are based on
seven-point Likert-type scales.
3.2 Method and results
3.2.1 Data collection and sample
Data were gathered by means of a survey research method, which consisted of admin-
istering a written questionnaire to the innovation managers of German engineering
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companies (for details of the study see also Janssen 2011). The survey was carried
out in the German engineering industry, because it is characterized by a high level
of innovativeness (Aschhoff et al. 2008). Moreover, it was felt that the German en-
gineering industry’s strong globalization would enhance the results’ generalizability.
To ensure a minimum level of innovation management within the contacted firms, we
restricted the sample to companies with more than 750 employees. A professional
database was used, and 840 firms fulfilled the screening criterion.
We used a survey instrument to collect the data for the study. Questionnaire in-
struments documented in the extant academic literature as well as theoretical input
from management control and innovation research were used as the basis for an ini-
tial draft. We undertook extensive pretests with teams of academic and industrial
experts, using a retrospective and think-aloud technique (Dillman 2007). Based on
the responses, we reordered some parts of the questionnaire and a number of items
were subsequently reworded. Using a key informant approach (Kumar et al. 1993),
we usually obtained data from the head of R&D. By limiting the study to senior
innovation management, we assured that the respondents had a broad view of their
companies’ new product development activities and could provide the detailed man-
agement information required. We included several aspects of survey design to en-
courage a higher response rate, including a friendly, personalized covering letter ex-
plaining the purpose of the research study, consideration of the length of the survey,
and the order in which the questions appeared (Bosnjak et al. 2005; Dillman 2007;
Hague 1993).
Before we distributed the questionnaires, we checked the accuracy of the data on
the 840 companies we obtained from the database. A total of 172 firms were ex-
cluded from the survey as they were either not engaged in new product development
activities (they were only holding companies) or they could not be contacted (they
had gone out of business). We contacted the remaining 668 companies by phone be-
tween May and August 2009 in an attempt to identify the R&D heads. In total, 198
firms refused to reveal the identity of the head of R&D, mostly citing compliance
with internal company guidelines. The remaining 470 identified heads of R&D were
then contacted by phone and asked to participate in the survey. The questionnaire
was e-mailed to the interested heads and could be returned by regular mail, e-mail, or
fax. To enhance the response rate, we made follow-up telephone calls and promised
the participants an executive summary of the findings as well as an individual bench-
mark report for their company. A total of 133 sufficiently completed questionnaires
was received, thus yielding a response rate of 28.3 percent.
Nonresponders often differed significantly from responders (De Vaus 2002). We
therefore tested for nonresponse bias, based on a comparison of early and late respon-
ders (Armstrong and Overton 1977). Structural data, such as the companies’ number
of employees, sales volume, and R&D investment, showed no significant difference
between the two groups. Furthermore, early and late responders showed no signif-
icant difference regarding any of the construct items. Thus, the results confirm the
data’s representativeness in respect of German engineering companies that have more
than 750 employees. The sample firms had an average of 10,657 employees (median
2,200) and revenue of 2,300 million EUR (median 380 million). On average, the
companies invested 4.5 percent of their revenues in R&D (median 3.5 percent) and
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successfully completed 21 new product development projects per year (median 6).
Almost 90 percent of the respondents were the head of R&D or a senior innovation
manager with an average tenure in the position of 8.5 years (median 7 years). Hence,
the firms, as well as respondents in the sample, were highly suitable for this research.
On average, 2.8 percent missing values were observed in the construct-measure-
ment scale items. Missing values were imputed by means of the expectation-
maximization (EM) algorithm prior to the main data analyses (Bernaards and Sijtsma
1999).
As it seemed likely that all the factors were interrelated, we employed structural
equation modeling (SEM) (Bollen 1989; Kline 2005) to estimate the multivariate de-
pendencies that the research hypotheses addressed. SEM combines the multivariate
technique factor analysis and multiple regression analysis, thus allowing the estima-
tion of multiple and interrelated dependence relationships as well as the representa-
tion of unobserved theoretical constructs (latent variables), while directly accounting
for measurement error in the estimation (Hair et al. 2010).
In accordance with Kline (2005), we applied a two-step SEM procedure. In the
first step, a confirmatory factor analysis (CFA) was undertaken to assess the construct
measurement. In the second step, we specified and evaluated a structural model, as
implied by the research hypotheses.
3.2.2 Measurement model
We examined the normality of each variable before evaluating the construct mea-
surement and overall model fit. According to West et al. (1995), the absolute value
of a skewness index of less than 2 and a kurtosis index of less than 7 indicate nor-
mal distribution. The analysis results showed that all of the items’ skewness and
kurtosis indices were less than the recommended threshold values. However, the
test results of Mardia’s coefficient (Mardia 1970) indicated multivariate kurtosis.
Consequently, we decided to use the maximum likelihood estimation (ML) proce-
dure using AMOS 17.0 software (Arbuckle 2006) to estimate the model parame-
ters and test the proposed model’s adequacy. The parameter estimates generated by
the ML were found to be relatively robust against non-normality (Hair et al. 2010;
Kline 2005). However, the results of statistical tests were potentially positively bi-
ased and the standard errors tended to be too low (West et al. 1995). Thus, following
Byrne (2001), we also assessed the parameter estimates’ significance by means of
bias-corrected bootstrapping (Efron and Tibshirani 1993).
The measurement model’s fit was assessed by means of local and global fit statis-
tics. Local fit statistics were used to evaluate the construct reliability and valid-
ity (Bagozzi and Baumgartner 1994; Hair et al. 2010) and whether the constructs
were sufficiently distinguishable (Fornell and Larcker 1981). Global fit statistics
were employed to assess the overall model fit, i.e., whether the model appropri-
ately reproduced the empirical associations between the variables (Boomsma 2000;
Kline 2005).
The global fit statistics, reported in Table 1, indicate a good model fit. A marginal
violation was observed in respect to the adjusted goodness-of-fit index (AGFI). The
AGFI, however, is known to be of only limited statistical power (Sharma et al. 2005).
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Table 1 Measurement scales and measures of local fit for the CFA model
Construct and measurement item Factor
Reliability
Average
Variance
extracted
Std. Factor
Loadings
ML
p-value
Threshold for acceptable fita = 0.6 = 0.5 = 0.5 = 0.05
Conceptual useb 0.86 0.67
Through the metrics I gain insights into our
NPD activities’ interrelationships.
0.761 <0.001
The metrics enlarge my knowledge base of our
NPD activities’ general situation.
0.903c
The metrics enhance the assessment of our
NPD activities’ trends and future
developments.
0.806 <0.001
Balance of metricsb 0.86 0.67
The innovation metrics comprise non-financial
metrics (e.g., number of patents, success rate
of innovation projects, customer satisfaction,
etc.) in addition to financial metrics.
0.782c
The innovation metrics take the quantitative
and qualitative perspectives of new product
development activities into account.
0.871 <0.001
The innovation metrics cover both the “hard”
and “soft” aspects of new product development
activities.
0.803 <0.001
Coherence of metricsb 0.80 0.67
The innovation metrics are highly coherent. 0.881c
The innovation metrics amount to an
innovation performance measurement system
0.773 <0.001
Adaption of metricsb 0.87 0.70
The metrics are revised periodically to fit to
new requirements.
0.812c
When our new product development activities
are changed substantially, we review the
expediency of our innovation metrics.
0.910 <0.001
The innovation metrics are revised when
organizational changes occur (e.g., new
strategy, new technology, etc.)
0.786 <0.001
User know-howb 0.90 0.75
I understand the calculation of the metrics
fully.
0.926c
I don’t need to reflect on the metrics’ meaning. 0.808 <0.001
I could easily explain the metrics to a third
party.
0.855 <0.001
Notes: aFor the thresholds of acceptable local fit statistics see Bagozzi and Yi (1988), Hair et al. (2010),
Kline (2005). Global fit statistics for the CFA model with threshold values in parentheses (Baumgartner
and Homburg 1996; Hair et al. 2010; Kline 2005): χ2/df = 1.59 (<3), RMSEA = 0.07 (= 0.05–0.10),
GFI = 0.90 (= 0.90), AGFI = 0.85 (= 0.90), CFI = 0.97 (= 0.90), TLI = 0.95 (= 0.90), SRMR = 0.04
(= 0.05). bSeven-point Likert scale: 1 strongly disagree, 7 strongly agree, cfixed parameter
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Table 2 Fornell-Larcker criterion
1 2 3 4 5
1 Conceptual use (0.67)
2 Balance of metrics 0.41 (0.67)
3 Coherence of metrics 0.43 0.45 (0.67)
4 Adaption of metrics 0.31 0.29 0.52 (0.70)
5 User know-how 0.27 0.08 0.32 0.09 (0.75)
Moreover, the root mean square error of approximation (RMSEA) indicates an ac-
ceptable model fit, while the chi-square statistic, adjusted for the degrees of free-
dom (χ2/df ), the goodness-of-fit index (GFI), the comparative fit index (CFI), the
Tucker-Lewis index (TLI), and the standardized root mean residual (SRMR) indi-
cate a good overall model fit (Baumgartner and Homburg 1996; Hair et al. 2010;
Kline 2005).
The results of the local fit measures indicated that the construct measurement was
highly reliable and valid. We assessed the constructs’ reliability by means of indicator
and factor reliability (Bagozzi and Yi 1988). Though the factor reliability can also be
used to assess the constructs’ convergent validity, it is recommended that the average
variance extracted (AVE) and the factor loadings’ size and significance be included
when assessing the convergent validity (Hair et al. 2010).
We furthermore conducted the Fornell-Larcker test to ascertain the constructs’ dis-
criminant validity, which requires each construct’s average variance extracted (AVE)
to be larger than the squared correlation between all pairs of factors in the model
(Fornell and Larcker 1981). The results, displayed in Table 2, indicated adequate dis-
criminant validity.
3.2.3 Structural model
Having ensured high measurement quality, we specified the structural relationships
between the constructs, as implied by hypotheses H1 to H4, in a second step. The
structural model yielded almost the same global fit statistics as the CFA model (see
Table 3), indicating good overall model fit.
As shown in Table 3, the model strongly supports hypotheses H1 and H4, whereas
hypotheses H2 and H3 are not supported. Specifically, no evidence was found that
either the metrics’ coherence or their adaption had a significant impact on their con-
ceptual use. Thus, the model does not support hypotheses H1 and H3. Hypothesis
H1 posits a direct positive relationship between the balance of innovation metrics
and their conceptual use. As shown in Fig. 2, there is a significant positive rela-
tionship (p ≤ 0.001) between the balance of metrics and their conceptual use. This
indicates support for H1. H4 states that user know-how increases the extent to which
innovation metrics are used conceptually. The results show a significant positive rela-
tionship (p ≤ 0.01) between user know-how and the conceptual use of metrics, thus
supporting H4. We also assessed the significance of parameter estimates by means of
bias-corrected bootstrapping. This procedure supported our results.
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Table 3 Results of the path analysis
Structural path Maximum likelihood Bootstrap
H1: Balance & Conceptual use 0.41∗∗∗ 0.41∗∗
H2: Coherence & Conceptual use 0.05ns 0.05ns
H3: Adaption & Conceptual use 0.21ns 0.21ns
H4: User know how & Conceptual use 0.32∗∗ 0.32∗
Note: Global fit statistics with threshold values in parentheses (Baumgartner and Homburg 1996; Hair et
al. 2010; Kline 2005): χ2/df = 1.59 (<3), RMSEA = 0.07 (= 0.05–0.10), GFI = 0.90 (= 0.90), AGFI =
0.85 (= 0.90), CFI = 0.97 (= 0.90), TLI = 0.95 (= 0.90), SRMR = 0.04 (= 0.05)
∗∗∗p = 0.001, ∗∗p = 0.01, ∗p = 0.05, nsnot significant
Table 4 The moderating effect of user know-how
Moderated path in the chi-square difference test The chi-square difference test between low and
high user know-how for the moderated path
(balance, coherence, adaption) & conceptual χ2 = 5.894; df = 3 Not significant (p = 0.117)
balance & conceptual χ2 = 1.665; df = 1 Not significant (p = 0.197)
coherence & conceptual χ2 = 0.128; df = 1 Not significant (p = 0.720)
adaption & conceptual χ2 = 2.153; df = 1 Not significant (p = 0.142)
Furthermore, we tested for moderating effects (see Table 4), as it can be argued that
user know-how moderates the effect that the balance, coherence, and adaption of met-
rics has on their conceptual use. To evaluate the moderating effects, user know-how
was divided into high and low groups on the basis of a median split (Dabholkar and
Bagozzi 2002). Subsequently, the core model was tested for high- and low-know-how
groups by using structural equation modeling. We performed rigorous pretests of the
measurement model invariance (Jöreskog 1971) to verify that the items comprising a
particular measuring instrument functioned similarly across the groups (Kline 2005;
Byrne 2001). In testing for measurement model invariance across the groups, sets of
parameters were put to the test in a logically ordered and increasingly restrictive fash-
ion (Byrne 2001). Once we had assured measurement-model invariance, we tested
the moderating effect of user know-how, assuming equal factor loadings. As shown
in Table 4, the χ2 difference tests indicated that the observed differences between the
path loadings were insignificant. Consequently, user know-how does not moderate
the effect of balance, coherence, and adaption of metrics on their conceptual use.
4 Discussion
The results of our research underline the importance of a balanced set of innovation
metrics since a balanced framework increases the extent to which innovation perfor-
mance measures are used conceptually. Our research therefore empirically validates
the call to increase the balance of innovation performance management frameworks
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by implementing quantitative and qualitative measures (Godener and Söderquist
2004). Moreover, our results are in line with the increasing implementation of mul-
tidimensional performance management frameworks that cover financial as well as
nonfinancial aspects.
To our surprise, neither the coherence nor the adaption of innovation metrics has
a significant impact on their conceptual use. Since the coherence of metrics and their
regular adaption are widely acknowledged design factors, we believe that our results
reflect the specifics of using innovation metrics. Most of the sampled companies had
recently implemented innovation metrics to track R&D activities. Hence, the need
to adapt these metrics might not yet have occurred, since most of these companies’
innovation performance management systems were still up to date. Furthermore, us-
ing metrics conceptually, i.e., enlarging the knowledge base, might not necessarily
require a coherent set of metrics, but could perhaps also be based on stand-alone
metrics.
User know-how strongly influences the extent to which innovation metrics are
used conceptually. This result seems to be fairly straightforward, and underlines the
importance of implementing easily comprehensible performance measures. Further-
more, companies can trigger the conceptual use of innovation metrics by offering
managers workshops and training to ensure that they understand the metrics. In ad-
dition, our results support the idea of lean performance management systems that do
not necessarily need to cover a wide range of performance measures.
The results of the structural equation model underline the substantial impact that
a balanced set of performance measures has on the conceptual use of innovation met-
rics. Nevertheless, from these results, we cannot ascertain how firms can improve the
balance of their innovation performance measurement system. Hence, we analyzed
the balance of innovation metrics in more detail on the basis of the four perspectives
of an input-process-output-outcome framework. We aimed at developing practical
guidelines to increase the balance within innovation performance measurement sys-
tems, focusing on the differences between successful and unsuccessful companies’
implemented metrics.
To differentiate between successful and unsuccessful companies, we split the
dataset into three equally-sized clusters. The most successful third was labeled “top
performers,” while the least successful third was labeled “low performers.” The clas-
sification into top and low performers was based on two criteria, which the respon-
dents assessed on a Likert-type scale ranging from 1 (very bad) to 7 (very good).
The first criterion measures the average achievement of innovation projects’ time,
cost and quality objectives by means of six items. The second criterion measures
product innovations’ financial success and comprises three items. The respondents
were asked to assess the average financial success of their company’s new product
development activities over the last five years by comparing their profitability, profit
contribution, and overall profit effect with those of their main competitor. The first
and second measure were then weighted equally and used as a compound measure of
financial success to differentiate between top and low performers. The comparison of
the mean of the top and low performers produced no significant differences between
their revenue, number of employees, and R&D budget. Hence, the two groups are
structurally comparable.
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Fig. 3 Balance of innovation
metrics
The balance of innovation metrics in the two groups was assessed by means
of an input-process, output-outcome framework, and the results are displayed in
Fig. 3 (Janssen and Möller 2011). The results show that more top performers than
low performers measure immaterial inputs and process aspects focusing on qual-
ity and project progress. Moreover, significantly more top performers than low per-
formers implemented output and outcome measures. These results are in line with
those of previous studies, indicating that most companies can increase the balance
in their set of innovation metrics by implementing more (financial) outcome mea-
sures (Kerssens-van Drongelen and Bilderbeek 1999; Donnelly 2000). Moreover, the
results can be interpreted as being indicative of the beneficial impact of using inno-
vation metrics conceptually, since top-performing firms foster the conceptual use of
innovation metrics by implementing a balanced set of performance measures. Based
on this analysis, we therefore recommend a stronger integration of (financial) out-
come measures to increase the balance within the innovation measurement system
and, thus, promote the conceptual use of innovation metrics.
Our research is subject to several limitations associated with the survey format
and the use of structural equation modeling. First, we limited our research to the
German engineering industry and companies with more than 750 employees. Future
research should therefore cross-validate our findings with data from other industries
and use different company sizes. Furthermore, our data are cross-sectional and em-
ploy a key informant approach, which is widely used (Page and Schirr 2008), but has
inherent limitations. The contacted innovation managers can, however, be considered
well-informed respondents with respect to innovation performance measurement and
the performance of new product development activities. The study used perceptual
performance measures as it is difficult to obtain objective data for innovation-related
performance from German industry. Nevertheless, several studies show that there is
a high correlation between perceptual and objective measures. Another limitation of
our research is the aggregated view of innovation metrics, since we do not differenti-
ate between the process phases in which these metrics are used and those innovation
projects subject to measurement. Both aspects could, however, have an impact on the
interrelationship between design factors and the conceptual use of metrics. Hence,
Using performance measures conceptually in innovation control 125
future research could fruitfully analyze the interrelationship between design factors
and the conceptual use of metrics on a less aggregated level.
To summarize, our results suggest that performance measurement design factors
strongly influence the use of innovation performance measurement. The balance of
metrics and user know-how improves the conceptual use of performance measures
significantly, while no significant effect can be observed regarding the coherence and
adaption of metrics. Thus, it seems highly advisable for firms to implement a sim-
ple, comprehensible performance measurement framework, consisting of financial
and nonfinancial performance measures. In addition, our results underline the impor-
tance of empirically analyzing the interrelationship between the design and use of
management accounting tools to develop validated performance measurement design
recommendations for companies.
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